Abstract: We present the experimental demonstration of quantum Hamiltonian learning. Using an integrated silicon-photonics quantum simulator with the classical machine learning technique, we successfully learn the Hamiltonian dynamics of a diamond nitrogen-vacancy center's electron ground-state spin.
Introduction
Predicting the behavior of quantum physical processes requires knowledge of an underlying Hamiltonian model. Understanding and exploiting this modeling process is crucial to characterize quantum devices and systems, to engineer quantum technologies and to study quantum foundations [1, 2] . However, the characterization and verification of large quantum systems is thought to be intractable with classical computers [3] . Quantum Hamiltonian Learning (QHL) was recently proposed to efficiently learn and validate those Hamiltonian models that represent quantum systems and devices [4] . In this approach, the exponential speed-up in reproducing the dynamics of the quantum system is given by the combination of quantum simulation with machine learning that enables to estimate the best Hamiltonian parameters among those accessible by the simulator.
Here, our experimental demonstration of QHL uses a programmable silicon-photonics quantum simulator (Fig.1a) to learn the electron spin dynamics of a negatively charged nitrogen-vacancy (NV − ) center in bulk diamond (Fig.1b) . This work shows a new approach for efficiently characterizing and verifying real quantum physical systems by enhancing established classical computational techniques with quantum processing power.
Results
Silicon photonic quantum simulator -We implement the controllable quantum simulator exploiting a silicon quantum photonic device [5] [6] [7] . This device includes some key functionalities such us entangled-photons generation, projective measurements, and single-qubit and two-qubit operations (Fig.1a) . The signal and idler photons are generated by spontaneous four-wave mixing and used to prepare the path-encoded maximally entangled state [6] . The idler photon passes through a state preparation |ϕ stage and one unitary operation,Û orV , controlled by the state of the signal, yielding the post-selected entangled state (|0 Û |ϕ +|1 V |ϕ )/ √ 2 [7] . The quantum operations are achieved by thermo-optical phase gates. Projective measurementsM allow us to estimate the likelihoods function for the implementation of QHL. Electronic spin in diamond nitrogen-vacancy centre -We study the dynamics of the NV − centre's electron spin, see Fig.1b [8, 9] . The spin dynamics under study are between the state m s = 0 and m s = −1 of the ground-state triplet (see Fig.1d ). The optical addressing and read-out, and microwave (MW) manipulation of the electron spin were performed with a confocal microscope setup. The electron spin is optically initialized into the m s = 0 state, and then driven in a single Rabi sequence (Fig.1c) by applying MW pulses of a fixed power but arbitrarily chosen. The photo-luminescence (PL) identifying the spin state is collected and used to obtain the output probability, which are fed into the quantum simulator to perform the likelihoods estimation. Implementation of quantum Hamiltonian learning -The photonic quantum simulator and NV electronic spin system are linked by a classical computer. Adopting classical Bayesian inference enables us to reduce the learning of Hamiltonian to the simulating of the HamiltonianĤ( x) and enables us to obtain the likelihood function Pr(D| x) from the measurement statistics. The spin Hamiltonian studied here can be modeled asĤ( f ) =σ x f /2. The photonic quantum devices simulates the model and is used to estimate the likelihoods. Iterating the Bayesian updating allows to infer the Hamiltonian parameter, which is the Rabi frequency f in this case. Figs. 1e and f show the learning of the rescaled frequency (ω = f /Δ f ) of the NV − spin, progressively approaching the correct value of ω 0 . The finally learned value corresponds to f = (6.93 ± 0.09)MHz, which is consistent with the value obtain from the fit of Rabi full oscillation.
Conclusions

